Background: Trauma-related hospitalizations drive a high percentage of health care expenditure and inpatient resource consumption, which is directly related to length of stay (LOS). Robust and reliable interactions among health care employees can reduce LOS. However, there is little known about whether certain patterns of interactions exist and how they relate to LOS and its variability. The objective of this study is to learn interaction patterns and quantify the relationship to LOS within a mature trauma system and long-standing electronic medical record (EMR). Methods: We adapted a spectral co-clustering methodology to infer the interaction patterns of health care employees based on the EMR of 5588 hospitalized adult trauma survivors. The relationship between interaction patterns and LOS was assessed via a negative binomial regression model. We further assessed the influence of potential confounders by age, number of health care encounters to date, number of access action types care providers committed to patient EMRs, month of admission, phenome-wide association study codes, procedure codes, and insurance status. Results: Three types of interaction patterns were discovered. The first pattern exhibited the most collaboration between employees and was associated with the shortest LOS. Compared to this pattern, LOS for the second and third patterns was 0.61 days (P ¼ 0.014) and 0.43 days (P ¼ 0.037) longer, respectively. Although the 3 interaction patterns dealt with different numbers of patients in each admission month, our results suggest that care was provided for similar patients. Discussion: The results of this study indicate there is an association between LOS and the extent to which health care employees interact in the care of an injured patient. The findings further suggest that there is merit in ascertaining the content of these interactions and the factors that induce these differences in interaction patterns within a trauma system.
INTRODUCTION
Health care spending continues to escalate in the United States. Expenditures reached $3.2 trillion, or $9990 per person, in 2015 and $3.35 trillion, or $10 348 per person, in 2016. 1 The rising cost of hospitalizations, which accounted for $32% of expenditures in 2016, is one of the major driving factors behind higher health care payments. 1 In particular, trauma-related hospitalization has the highest expense in the United States, 2,3 which brings about heavy financial burdens for health care systems, patients, and health insurance companies. 4 The expenditure for a hospitalization is directly related to the quantity of resources consumed. Notably, a patient's length of stay (LOS) is a key indicator of inpatient resource consumption, [5] [6] [7] which is typically measured as the number of days the patient occupies a bed in the hospital. Though it should be recognized that LOS is not the sole indicator of resource consumption, it can serve as a good proxy to characterize the degree to which inpatient resources are consumed. 8, 9 At the same time, it has been recognized that establishing a team in clinical care settings (eg, trauma) can significantly reduce in-hospital mortality and LOS. [10] [11] [12] [13] Trauma care often involves interactions among a multidisciplinary group of health care employees (eg, anesthesiologists, surgeons, emergency room physicians, respiratory therapists, nurse practitioners, radiographers, neurosurgeons, and various types of nurses) who are distributed across time and space. 14 Given the high heterogeneity of health care employees who interact with trauma patients, the wide variability in outcomes, and the substantial contribution to financial burden, we focus on this section of the hospital population. We anticipate that quantifying the differences in LOS between trauma patients affiliated with different patterns of health care employee interactions can provide evidence for health care organizations to (1) further investigate the factors leading to such patterns and, ultimately, (2) refine or influence interaction structures in a manner that reduces clinical resource consumption. Toward realizing this goal, various auditing (eg, video review, observer review, and medical note review) 14, 15 and simulation (eg, using simulators who educate team members on communication, cooperation, and leadership) 16 programs have been proposed to assess and refine interaction processes to reduce inpatient resource consumption. These approaches have traditionally adopted an expertdriven management strategy to observe interaction routines and assess their relationship with outcomes. Such strategies, however, often require a nontrivial amount of manual effort to gather the necessary observations and perform the assessment. [17] [18] [19] [20] Given the limitations of existing approaches, a desirable alternative is to develop data-driven strategies, which automatically infer the interaction patterns of employees and characterizes their relationships with respect to patient outcomes. We believe that electronic medical record (EMR) systems can supply the data necessary to support such a strategy. This is because EMR systems capture information sharing, coordination, and documentation longitudinally. As a result, they can provide insight into many operational activities from a diverse collection of health care employees. [21] [22] [23] [24] [25] [26] [27] This type of data has shown promise for inferring health care organizational patterns 28, 29 and analyzing patient outcomes. 30 Thus, in this study, we introduce such an approach to automatically investigate the relationship between interaction patterns and LOS through data inherent in EMR systems.
METHODS

Study materials
This study focuses on patients who were assigned to the trauma service of Vanderbilt University Medical Center (VUMC) and completed an inpatient stay between December 2013 and December 2015. Annually, VUMC provides state-and national-verified Level 1 trauma care for a geographic region spanning 70 000 square miles and 4 states. 31 Our study leverages the VUMC EMR system to learn trauma-centered interaction patterns of health care employees and quantify their association with hospital LOS. Information associated with patients' hospitalization, as well as health care employees' utilization of such information, is documented in a homegrown EMR system that has been central to clinical activities since the 1990s. 32 During this period, 5547 employees, affiliated with 179 operational areas in the medical center (eg, mental health center, neuro intensive care unit, and neurosurgery clinic), committed EMR access actions during 5588 patient encounters with the health care system. This entailed 158 467 unique actions and 67 distinct access action types (eg, operative note, physical and history, clinical communication, lab results, vital signs, and medication administration), which were relied upon to infer interaction patterns among health care employees with patients. The access action types that were invoked with respect to at least 10% of the patients are depicted in Figure 1 . There were 27 access action types (40%) that met this criterion.
To assess the relationships among interaction patterns and patient outcomes, we extracted hospital LOS for each patient encounter, where LOS is measured as the duration between admission and discharge. We excluded 219 patient encounters where patients died while in trauma care, to focus on interaction patterns of survivors indicative of the completion of hospital care. We neglect this subpopulation because they did not complete a stay at the hospital, and thus their LOS is inaccurate. For instance, some patients died while Figure 1 . The access action types that were invoked for at least 10% of patient records.
in transit or shortly after admission to the hospital. Given that LOS may also be related to additional confounders (eg, patient age, degree of illness, procedure burden, history of service utilization, access action type, admission season, and type of health insurance), we extracted such factors for each patient encounter for further investigation. Summary information for these confounders are provided in Table 1 .
The EMRs for the patient encounters in this study contained 3612 distinct International Classification of Diseases, Ninth Version (ICD-9) billing codes, 1627 distinct Current Procedural Terminology (CPT) codes, and 8 insurance programs (eg, Medicaid and Medicare Part A).
We acknowledge that ICD-9 codes are not sufficient to accurately represent patient illness. Thus, to mitigate bias due to variable insurance billing, we rely on the phenome-wide association study (PheWAS) vocabulary, which was introduced to group ICD-9 codes together and reduce variability in the definitions of clinical concepts in secondary data use scenarios. 33, 34 Upon translating each ICD-9
code, the data consisted of 1010 PheWAS codes.
Study design
We constructed cohorts by grouping patient encounters according to interaction patterns. This was accomplished by (1) inferring the interaction patterns, and then (2) applying the inferred patterns to compose the cohorts. In doing so, patient encounters in each group shared similar interaction patterns, as described below.
Our study design consists of 3 components: (1) learn patient encounter groups according to interaction patterns; (2) quantify interaction patterns according to standard social networking characteristics; and (3) assess the relationships interaction patterns and hospital LOS.
Grouping patients by interaction patterns
We use a binary matrix A to represent health care employees' committing access actions to EMRs. (The matrix is binary because the number of accesses to a particular patient can be artificially inflated due to system design. For instance, if a user accesses a patient's medical record, such as a laboratory report, the system may record the access action multiple times.) Specifically, the value of a cell A(i,j) is 1 if a health care professional i committed an action to the EMR during patient encounter j and 0 otherwise. We leverage information in A to derive interaction patterns and patient encounter groups. It has been shown that interaction patterns inferred at a level of operational health care areas are more stable and interpretable than patterns learned at the level of health care employees. 28, 35 Thus, we transform A into a matrix A 0 , where each cell stores the number of actions that all health care employees from a specific operational area committed to the EMR during a patient encounter.
Since the EMR of a patient encounter is typically worked on by a small subset of health care employees, A 0 is a sparse matrix. Thus, we apply a spectral co-clustering model to A 0 to uncover groups of patient encounters according to their interaction patterns. [36] [37] [38] This methodology employs matrix decomposition techniques and formalizes co-clustering as a bipartite graph partitioning problem. 14, 39 The details of the patient encounter grouping process are in Supplementary data S1. We rely on this method because it has been shown to be robust in high-dimensional sparse matrices, 39 which is indicative of our setting (ie, only a portion of the operational areas interact with one another during a patient encounter). All algorithms were implemented in Matlab 2017a.
Quantifying the characteristics of interaction patterns
To ascertain whether interaction patterns are associated with hospital LOS, we represent each interaction pattern as a network of operational areas and then quantify the networks via social network characteristics. For each group of patient encounters, we infer a network of operational areas to show how affiliated health care employees interacted with one another in these encounters. Each node in a network corresponds to an operational area, and each edge weight between 2 operational areas is the cosine similarity of interactions with the EMRs during patient encounters among health care employees from these 2 operational areas. 40 The details for the edge weighting process are in Supplementary data S1.
We leverage standard social networking characteristics to quantify each interaction pattern. Specifically, these characteristics correspond to average node degree, average weighted node degree, graph density, clustering coefficient, and average path length. 41, 42 The definitions of these characteristics are as follows:
• Average node degree: Calculated by summing the degree of each node (ie, the number of edges connected to it) and dividing by the total number of nodes.
• Average weighted node degree: Calculated by summing the weighted degree of a node (ie, the sum of weights of edges connected to it) and dividing by the total number of nodes.
• Graph density: The ratio of the number of edges observed to the number of possible edges.
• Clustering coefficient: The average clustering coefficient for all nodes. The cluster coefficient of a node is the ratio of existing edges connecting a node's neighbors to each other to the maximum possible number of such edges. A large clustering coefficient is an indication of high collaboration among employees in a network.
• Average path length: Calculated by summing shortest path lengths between all pairs of nodes and dividing by the total number of pairs. This indicates the number of steps, on average, it takes to move from one node in the network to another.
Subnetworks may exist within each interaction network, so we further infer communities of health care employees in each interaction network. This is accomplished through an algorithm that optimizes the modularity of a network. 43 We guide the algorithm using a heuristic based on optimization of the modularity measure, 43 which is efficient (in running time) and effective (in quality of communities) for weighted and undirected graphs. Modularity is defined as:
where m is the number of edges in the network, k v ; k w is the degree of vertices v and w, respectively, A vw ¼ 1 means there is an edge between the 2 vertices, and S vr is defined as 1 if vertex v belongs to group r and zero otherwise. A community with high modularity has dense connectivity between operational areas within the community, but sparse connectivity between the other communities. We use approaches implemented in the Gephi software suite to quantify standard network characteristics and infer communities. 48 Assessing the relationship between interaction patterns and LOS
We apply a generalized linear regression model with negative binomial distributions of LOS 44 to test the associations between interaction patterns and LOS. The negative binomial distribution has been shown to achieve the best performance for normalizing hospital LOS, whose distribution does not follow a normal distribution. 45 We add variables for interaction patterns, age, number of encounters to date, number of access action types, month of admission, insurance programs, and health conditions into the regression to estimate the coefficients of the model, and then leverage the fitted model to derive adjusted LOS for each specific interaction pattern. We applied analysis of variance 46 with a 95% confidence interval to test the significance of differences in LOS for pairs of interaction patterns. We relied on standard packages in Matlab to compute the generalized linear regression model and analysis of variance.
We further investigated whether the differences in LOS were correlated with the potential confounding factors that we incorporated in the regression models. This was accomplished by testing for differences in the distributions of PheWAS codes, procedure codes, insurance programs, age, number of health care encounters to date, admission month, and access action types between each pair of patient encounter groups. Specifically, for each pair of patient encounter groups, we compare the similarity in the distributions of the aforementioned factors through a Pearson correlation coefficient (PCC). 47 This similarity score is in the range (À1,1), where 1 indicates a positive direct correlation, 0 indicates no correlation, and À1 
RESULTS
Patient encounter groups and interaction patterns
The co-clustering approach discovered 3 patient encounter groups, which we refer to as P 1 , P 2 , and P 3 . These groups were composed of 428, 1353, and 3807 inpatient encounters, respectively. Additionally, the approach discovered 3 operational groups, which we refer to as O 1 , O 2 , and O 3 . The relationship between the patient encounter and operational groups is depicted as a heatmap in Figure 2 (A). In this figure, each point indicates the number of actions that health care employees from a certain operational area committed to the EMR during patient encounters. For each patient encounter group, it can be seen that all 3 operational groups are involved, but with different interaction patterns, as shown in Figure 2 (B-C) for P 1 , P 2 , and P 3 . Each interaction pattern is composed of 3 major communities, which are informally characterized as: (1) acute care team, including representative operational areas such as "emergency," "anesthesiology," and "cardiovascular intensive care unit"; (2) post-acute care team, including operational areas such as "nutrition clinic," "respiratory therapist," and "social work"; and (3) rehabilitation team, including operational areas such as "rehabilitation service" and "physical medicine and rehab department." It can be seen that acute care achieved a high density of collaboration in all 3 patterns, but particularly so in P 1 . However, there are notably large differences in the network structures of the other 2 communities across the 3 interaction patterns. For instance, in the second pattern, the network structures of post-acute care (red) and rehabilitation (orange) are very sparse, and in the third pattern, the post-acute care and rehabilitation communities overlapped.
Quantified interaction patterns
The quantified network characteristics for the interaction patterns are reported in Table 1 . It can be seen that the interaction pattern for patient group P 1 was affiliated with the smallest number of operational areas (102). However, at the same time, this interaction pattern realized the highest amount of collaboration among employees from these operational areas (an average degree of 27.14, an average weighted degree of 7.02, a graph density of 0.27, a cluster coefficient of 0.77, and an average path length of 1.43).
The results in Table 1 indicate several notable findings with respect to interactions among health care employees. First, the interaction pattern for P 1 has the highest average degree (in comparison to interaction patterns for P 2 and P 3 ), which indicates that health care employees in this pattern establish more connections with other members than employees in the other 2 patterns. Second, the interaction pattern for P 1 has the highest graph density and cluster coefficient, which demonstrates that there is more collaboration among team members than in the other patterns. Third, the interaction pattern for P 1 has the shortest average path length, which indicates that a pair of members in the interaction pattern tend to have a more direct line of communication than in the other 2 patterns.
Beyond the differences in network characteristics between patient groups, there are also differences in operational areas between these groups. Table 2 depicts the operational areas that were observed in only one interaction pattern per each pair of patterns. It can be seen that P 1 seems to be associated more with nursing technologies and executive leadership, while P 2 has a greater affinity to human genetics, the nuclear lab, clinical pharmacology, and transplant, and P 3 is more related to heart and mental health-related operations. Although there are variations in operational areas between these groups, the overall differences are much smaller.
Relationships between interaction patterns and LOS
The relationships between interaction patterns and LOS are depicted in Figure 3 . It can be seen that P 1 achieves the shortest LOS, being 0.61 days shorter than P 2 and 0.43 days shorter than P 3 . The differences in LOS between P 1 and P 2 , and between P 1 and P 3 , were found to be significant at the 95% confidence level. There were no significant differences in LOS detected between P 2 and P 3 . 
Similarities of confounding factors between patient groups
The differences between the patient groups in terms of PheWAS codes, CPT codes, insurance program, age, number of encounters to date, admission month, and access action types are depicted in Table  3 . It can be seen that each encounter group exhibits similar distributions in terms of (1) PheWAS codes (PCC > 0.97, P < 2.62 Â 10 À26 );
(2) CPT codes (PCC > 0.98, P < 1.67 Â 10 À26 ); (3) insurance program (PCC > 0.98, P < 1.73 Â 10
À5
); (4) age (PCC > 0.88, P < 3.36 Â 10 À12 ); (5) number of encounters to date (PCC > 0.89, P < 2.14 Â 10 À11 ); and (6) access action types (PCC > 0.98, P < 7.15 Â 10 À58 ). Admission month was found to be dissimilar between encounter groups (P > 0.05). As shown in Table 1 , most of the patients in P 1 were admitted to the hospital in May, June, and July, whereas most patients in P 2 and P 3 were admitted in September, October, November, and December. Although the 3 interaction patterns dealt with different number of patients in each admission month, our results suggest that they provided care for similar patients (eg, PheWAS codes, CPT codes, age, number of encounters to date, access action types, and insurance program).
Although the overall differences in PheWAS codes, CPT codes, and access action types between patient groups were not significant, there were still small differences in several specific codes or action types worth noting. To provide insight into these codes and action types, Table 4 depicts the top 10 PheWAS codes, CPT codes, and access action types that exhibited the greatest differences between patient groups. It can be seen that P 2 has: (1) 5.6% and 1.1% more patients associated with "350.2: abnormality of gait" than P 1 and P 3 , respectively; (2) >8.7% and >2.4% more patients associated with "82435: blood chloride," "82310: calcium," "84520: urea nitrogen," "82565: creatinine" than P 1 and P 3 , respectively; and (3) >0.19% and >0.19% more patients associated with "Immunizations," "Emergence," "Discharge Letter," "Clinic Note," "Echo," and "Colonoscopy Operative Report" than P 1 and P 3 , respectively.
DISCUSSION
To the best of our knowledge, this is the first study to use EMR data to study the relationship between interaction patterns and inpatient hospital LOS among resource-intensive trauma patients. In doing so, it fills a gap in the knowledge about the relationship between interaction networks of health care employees and patient outcomes in trauma setting. This study specifically found that LOS for trauma inpatients with similar distributions in age, illness, procedure burden, number of encounters to date, number of access action types, and insurance type, were associated with 3 managed interaction patterns. The finding provides evidence that in trauma care, a highly collaborative pattern of interactions (eg, large weighted degree, graph density, cluster coefficient, and short path length) is associated with a shorter LOS, which can potentially assist health care organizations (HCOs) in refining management strategies to improve interaction efficiency among health care employees to reduce LOS.
We believe that this investigation has notable implications with respect to the efficiency of resource allocation and EMR system utilization for a major hospital with a trauma center. For instance, it was found that more patients were admitted in May, June, and July (ie, patients in group 1), which suggests that HCOs might consider allocating more clinical staff who are involved in these months to potentially reduce LOS (eg, via a reduction in wait time). From the perspective of EMR system utilization efficiency, we found that patient group 1 (affiliated with the shortest LOS) had more operative notes and respiratory care notes than the other patient groups, which suggests that HCOs could consider encouraging their employees to utilize EMR systems to add more informative evidence Table 3 . A similarity analysis of the factors potentially confounding the relationship between length of stay and interaction patterns. 
À90
Inferred patient encounter groups are represented by P 1 (428 patient encounters), P 2 (1353), and P 3 (3807). Abbreviations: PheWAS: phenome-wide association study, which grouped ICD-9 codes together; PCC: Pearson correlation coefficient. Table 4 . The largest difference in terms of PheWAS codes, clinical procedure terminology codes, and access action types between the three patient groups (eg, operative notes) to improve their communication quality. This, in turn, could lead to greater efficiencies and potentially reduce the time spent on interpreting information required for care.
While this investigation indicates that data-driven methods can provide insight into the degree to which interaction patterns are associated with LOS, there are several limitations that should be recognized, which can serve as guidance for future investigations.
First, the findings suggest that more collaboration between health care employees (through an EMR system) is associated with better outcomes; however, the reason why is unclear. In particular, our investigation focused on the statistical association and not the semantic aspects of why collaboration occurs. For instance, it is not evident why the 3 interaction patterns exhibit different network structures if they provide care for similar patient populations (ie, similar distributions in terms of PheWAS code, CPT code, insurance type, number of encounters to date, number of access action types, and age). Although we observed differences in admission months between patient groups, the association between the interaction patterns and admission seasons is unclear. As such, it is worthwhile to investigate additional factors (eg, admission season, specific traumatic injury, and historical medication utilization) that may be influencing these 3 dominant patterns of collaboration.
Second, this study investigated the interaction patterns of health care employees via indirect interactions (as documented by EMR systems), but neglected direct communication in the physical world. Although the 67 different types of access actions include almost every aspect of interactions in the EMR system (eg, historical and physical documents, problem lists, respiratory care reports, clinical communication, operative reports, and progress reports), there may be discordance between the interactions that manifest in face-to-face situations and those that happen in the EMR system. The criteria of meaningful use for EMR systems have existed for a number of years (and meaningful use is now its third stage), there are still interactions in the physical clinical world that are not documented in EMR systems. 49 This missing information may influence the interaction patterns and patient encounter groups we inferred from the EMR data. Third, further investigation is needed to uncover the causal factors behind the differences in interaction patterns. There are, in fact, many potential factors that influence interactions, such as the season a patient is admitted, the specific injury sustained, the socioeconomic status of the patient, and the number of available beds in the next receiving facility. At the same time, the temporal relationship between health care employees may also play a role in patient outcomes, 22, 29 and thus is ripe for further investigation.
Fourth, beyond LOS, additional care quality measurements (eg, survival rate, days in the intensive care unit, mortality) may need to be included to assess their relationship with interaction patterns.
Fifth, this is a data-driven study, which is different from a traditional hypothesis-driven study, that was restricted to a strict trauma population definition (eg, intervention-based study and clinical trials), and thus further investigation is required to interpret evidence we learned from the data and translate it into clinical practice.
Sixth, this investigation was based on data from a single academic medical center. Replication of this study using data from other health care organizations is necessary to confirm these findings.
CONCLUSIONS
This study leveraged data-driven methodologies to infer interaction patterns from EMR utilization and illustrate their association with LOS for trauma patients. This study specifically shows that interaction patterns with a high level of collaboration are associated with shorter hospital LOS for trauma patients. This finding is notable because it provides evidence for HCOs to do further investigations to determine causal factors leading to the differences in interaction patterns and, subsequently, differences in LOS.
